A new mathematical approach to the diffusion of energy-efficient technologies is presented using the diffusion of natural processes as an analogy. This approach is applied to the diffusion of the electric arc furnace in Japan. The main advantage offered by the new approach is the incorporation of an average effect of barriers to, and support measures for, innovation. This approach also incorporates some of the parameters influencing the cost-effectiveness of the investment in the new technology as the main driver for adopting the innovation. The straightforward equivalence between natural phenomena and the diffusion of innovation requires the conceptual abstraction of setting a dimension (and defining) the medium in which the diffusion takes place. This new approach opens new research paths to analysing under what circumstances innovations can take-off, the effect of barriers in the diffusion of energy efficient technologies, or how the diffusion process is incorporated in energy-system models.
Introduction
This paper introduces a novel approach to the diffusion of energy efficient technologies, following a line resembling the diffusion of many processes in nature. The abstraction needed to define the medium in which diffusion of innovations takes place might be one of the reasons why this approach has not previously been used. This approach makes it possible to describe how the main drivers of innovation are hampered by barriers or supported by the traits of the medium and, at the same time, opens new paths of research to fill some gaps in the representation of technology diffusion in energy-system models [1] . The main scope of this paper is to present this novel approach; this is done in the second section. The rest of the introduction is devoted to framing the approach proposed in this paper within the state of research on the diffusion of technology innovations. The third section applies the proposed approach to the case of the diffusion of electric arc furnaces in Japan. Finally, the fourth section includes a discussion of new paths for research that this model opens up in terms of assessing the impact of drivers or deterrents on the diffusion of innovative technologies.
How This New Approach to the Diffusion of Technology Innovations Is Framed within the State of Research
The diffusion of technology innovations has long been a focus of research. Some of the forerunners date back to the 1950s [2] . The initial studies (and a good share of the publications) about diffusion of innovations have taken place in the field of agriculture [3] . More recent references [4] [5] [6] [7] provide literature reviews concerning theories of diffusion models. Historically, there have been two major approaches to the diffusion of innovations; those trying to reproduce the patterns of diffusion [8] and those trying to understand the underlying factors that affect decision-making mechanisms determining the market roll-out of innovations. The first approach is supported by epidemiologic or population models that look at the implementation rate in a population over time. These models do not try to explain why individual decisions are taken within the population. In the pioneering studies of diffusion the use of the logistic equation [2, 9] can be seen as a special case of the Bass model [10] which, in turn, is a particular case of models based on the gamma/shifted Gompertz distribution [7] . Moreover, epidemiologic models are similar to population models [5] . Although epidemiologic and population models handle similar mathematical expressions, in the former it is the information diffusion that drives the technology diffusion, whereas in the latter models the drivers are formulated in terms of competing forces affecting the timing decision of firms.
The second approach, comprising neoclassical economic models [11] [12] [13] , seeks to explore, by using terms from economics, why and when the innovation might be implemented. With this aim, probit models are able to explain how differences (when making decisions) between individuals or firms can produce the observed diffusion patterns. David [14] provides a classic discussion of probit models. This second approach faces the obstacle of a large number of factors affecting the decision-making process. When these latter models are more focused on the micro-level or meso-level, there have been some efforts [15] to unite epidemiologic (or population) models with this approach [16] [17] [18] .
Shinohara [19] proposes the same physical analogy presented in this paper. However, similarly to epidemiologic and population models, that analogy requires some interactions among neighbouring innovators and, therefore, is not based on the underlying factors that affect decision-making mechanisms determining the diffusion of innovations.
In addition to the widespread notion of the S-curve of diffusion of innovations, another commonality highlighted in the academic research [20] is the importance of both economic and social factors. According to [21] diffusion results from a series of individual decisions to begin using a new technology. These decisions are a result of comparing costs and benefits of the adoption of the innovation. The novelty of the approach presented in this paper lies in the fact that it is the only approach presented so far, that incorporates in its mathematical formulation terms directly identifiable with social factors (or the complexity of social medium in which the diffusion happens) and is driven by economic factors affecting the decision-making process. In this approach, the complexity of the different factors intervening in the diffusion processes is summarised by means of a parameter that averages the effect of barriers and support measures in the social medium. Its averaging nature, similar to the parameters of epidemiologic or population models, arises directly from the description of the diffusion phenomenon presented by an analogy in Section 2 of this paper. This parameter provides a measure of the strength of the barriers or support measures hampering or facilitating the diffusion of innovations. Moreover, the natural analogy presented in Section 2 can serve to catalyse the conceptual abstraction required to understand what we mean by social medium. Section 3 shows a practical application of this approach to a particular technology and country.
The code provided in Appendix 5 can facilitate the replication of this analysis for other countries or technologies. When used for the same technology, the replication of this approach can provide a collection of observations about the historical strength of the barriers affecting the diffusion process. A sensitivity analysis about how the barriers present in those countries affect the parameter that collects their combined effect can highlight which have been the most relevant barriers affecting the diffusion of that technology. Although following this additional path of research is beyond the scope of this paper, it is easy to understand the interest that policy-makers may have in the identification of the most relevant barriers affecting the diffusion of innovations, in order to design measures against them [22] .
The approach for modelling the diffusion of innovations presented in this paper, shared with many of the neoclassical economic models, is that the driver is the cost-effectiveness or profitability of the investments in innovations. The combination of the effect of barriers or support measures with the cost-effectiveness of investments as the driver of innovations, as well as the analysis of the barriers proposed in the previous paragraph, can shed light on the study of the energy-efficiency gap. The energy efficiency-gap refers to the discrepancy between the observed level of diffusion and the economically optimal state of diffusion [23] [24] [25] .
To conclude this review of the state of research in the diffusion of technology innovations, it is noteworthy that most innovations fail (i.e., they do not diffuse at all) [5] . As failed innovations do not have an S-curve, diffusion models developed to reproduce the S-curve have a selection bias [5] . The approach developed in this paper (see last paragraph of Section 2) can also account for failed innovations or innovations that have not yet started to diffuse.
A New Approach to Explaining the Diffusion of Technology Innovations
Any linear phenomenological transport law, such as Darcy's law for flows through porous media, Ohm's law for electrical conduction, Fick's law for solute diffusion, or Fourier's law for heat conduction, could be used as a natural analogy to the diffusion of innovations. For example, Darcy's law relates to the hydraulic flow with its driver (hydraulic gradient) by means of the hydraulic conductivity or permeability [26] .
This law can be expressed as: [27] , and relates two easily quantifiable parameters (the flux and hydraulic gradient). The analogy with technology innovation lies in the fact that the implementation rate of innovations can be easily obtained from databases with historical records of implementation of technologies, while the neoclassical economic approach may reveal many factors that act like drivers and affect the appeal of new investments in technology innovations. The combination of most of these effects in the cost-effective analysis of new investments, and the latter's relevant role in the decision-making process, leads us to consider it as one of the main drivers of innovation. In principle, the cost-effectiveness of the innovations can also be quantified.
The flux and hydraulic gradient are related by means of the permeability or hydraulic conductivity k, which quantifies the ease with which the flow can pass through that medium. In the same manner, ease of innovation can be introduced to relate the rate of implementation of innovation to its drivers. This ease is inversely proportional to the resistance that the medium offers to the innovation. It is noteworthy that permeability averages many actual properties of the medium (pore-size distribution, grain-size distribution, soil texture, or how voids are interconnected, etc.); similarly, the conductivity (or the inverse of the resistance) to technology diffusion summarises the effect of many parameters (information transfer, changes in the technology, changes in the adopter environment, the tightening of regulations, structure, pressures from customers and public) that could dilute the effect of its main drivers [28] . In the case of technology innovation, it is society that plays the role of the geological medium. We make an analogy between the intrinsic properties of the geological media and the structure of the society. This structure of the social medium incorporates the traits that facilitate (or barriers that hamper) the adoption of technology innovations by the market.
Since the diffusion of innovations is a dynamic process, in order to exploit the analogy fully, we incorporate the same time dependency as in the hydraulic analogy. The application of conservation of fluid mass to Equation (1) gives [26] :
In the hydraulic analogy, h [-] is the hydraulic head (that is, the driver of the hydraulic flux, or the driver of the technology-innovation process), K [L 2 /T] is a the hydraulic conductivity or conductivity of innovations, div is the mathematical operator divergence: δ()/δx + δ()/δy + δ()/δy, grad(h) is the gradient of h: iδh/δx + jδh/δy + kδh/δy and i, j, k are unit vectors in the x, y, and z directions, respectively.
A physical analogy of the conservation of fluid mass required to pass from Equations (1) to (2) is presented in [19] . In the case of the diffusion of innovations this can be seen as the application of 'mass conservation' to the adopters of innovations, that is, existence of potential adopters is conserved in the social medium.
Different social media have different 'innovation conductivities'. With the same drivers, the variation over time in the penetration of innovations is not the same in all countries or all regions within the same country [1] . Needless to say, this difference is related more to how different societies are organised or structured than to their geographical location, although the geographical location may condition how the society is structured.
In a one-dimensional medium, the Equation (2) can be written as:
Similar equations to Equation (3) can be written for solute diffusion or heat diffusion. This kind of equation is known as a diffusion equation. Now we will introduce some considerations about the scale at which the flow equation is solved and its analogy with the diffusion of innovative technologies. To solve a flow problem at micro-scale, the Navier-Stokes equations have to be used. In hydrogeology, in order to use the averaging Equations (1) to (3), it is necessary to deal with a representative elemental volume [29] , in which the effect of microscopic parameters (such as pore size, connectivity among pores, etc.) are averaged. The same issue of scale arises with the diffusion of technology. A good portion of technology-diffusion literature deal with micro-scale or firm-level aspects, whereas the energy-systems modelling community applies its findings to the macro or sectoral level that determines the average effect of the parameters operating at the micro-scale. The advantage of the approach proposed in this paper is that the average effect of micro-scale parameters that affect the diffusion of innovations (that is, the average effect of the barriers that a potential investor in energy efficient technologies perceives) is being directly incorporated into the description of the phenomenon.
Equation (2), when its right-hand side equals zero, is known as Laplace's equation. That expression may describe the situation of innovative technologies that are in the 'valley of death'; in other words, technologies that have been demonstrated but for which there are no forerunners to start their market roll-out. This makes it possible to analyse the take-up of innovations and the relationship between the policy impact on R and D and its impact in society. Chandrasekaran et al. [7] and Moore et al. [30] review much of the work done so far with this aim.
The Solution of the Diffusion Equation
One appealing trait of this approach is that the cumulative curves of the solution of Equation (3) can produce the typical S-curve shown by all approaches to the diffusion of technological change [5] .
The solution of Equation (3) can be obtained for a variety of initial boundary conditions, provided that the diffusion coefficient or permeability K is constant. By boundary conditions, we mean how h is defined for all t and x. When the entrance f (t) to the system is a Dirac's delta in x = 0 (or impulse function) the solution of Equation (3) is called 'response function´. The response function is the expression that multiplies f (t) in the integration of Equation (4), that expression can be obtained applying the Laplace transformation to reduce the partial differential Equation (3) to an ordinary differential equation. Once solved in the Laplace space, the response function can be inverted to the time domain [31] .
The solution to any arbitrary f (t), that is, when the boundary conditions are h = f (t) for x = 0 and t > 0 and h = 0 for t = 0 at any x > 0, can be obtained by taking advantage of the linearity of the problem to apply the superposition principle. The application of this principle boils down to the application of the convolution integral (4) between the response function and the input f (t). That is, the general solution of Equation (3) is:
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where τ is the integration variable. Needless to say, the solution can take many different shapes depending on the shape of the entrance function f (t). The solution of Equation (4) for all t requires the setting of the value of the 'spatial dimension' x = L in which Equation (4) is solved.
Note that there are other forms to solve the Equation (3) [32, 33] . Indeed, when Shinohara [19] applies the same analogy to describe the diffusion process it uses a finite difference method to solve Equation (3) . Independently of the more or less cumbersome ways of solving Equation (3), the greatest challenge posed by the approach presented in this paper comes from the abstraction needed to substitute the spatial dimension in the physical analogy by the social medium in which the diffusion takes place. When Shinohara [19] solves Equation (3), to account for the diffusion of innovation he uses the geographical location of innovators to define his physical medium, requiring an interaction among neighbouring innovators and potential adopters in order to make the innovation happen. In this conceptual aspect, reference [19] is more similar to epidemiologic or population models than to the approach presented in this paper, even though Shinohara [19] and this paper use the same analogy and equations.
Application to the Case of the Diffusion of an Energy Efficient Technology: The Diffusion of Electric Arc Furnaces (EAF) in Japan
The diffusion of electric arc furnaces (EAF) in the steel industry has been studied quite intensively [34] [35] [36] [37] . Moreover, Crompton [35] is also focused on the Japanese steel industry. In these references, neither relative scrap prices nor energy prices manage to explain the empirical diffusion pattern. However, as the proposed approach relies on some explanatory reasons to describe how the technologies evolve, we check in Section 3.1 the goodness of an ARMAX model that uses the prices of scrap, electricity, and steel to model EAF production in Japan. The purpose of using the ARMAX model is to define a linear combination of parameters that work, and can be used in function f (t) in (4) , that is, that can be used as the driving force of the innovations in the new approach. Once we check the ability of those variables to depict the evolution of EAF, we apply in Section 3.2 the approach to the diffusion processes discussed in Section 2 to the diffusion of EAF technology in Japan. Moreover, it is the goodness of the ARMAX model presented in Section 3.1 (or the ability of the explanatory variables to play the role of the main driver of the innovation process) that lead us to select the diffusion of the EAF production in Japan to present the approach followed in this paper.
The information up to 1997 in the second and third columns of Table 1 comes from [38] . This information has been completed up to 2010. The sixth column lists the share of the EAF production observed in Japan. The seventh and eighth columns contain the shares estimated using the ARMAX model (introduced in Section 3.1) and when using the approach proposed in this paper to model the diffusion of innovations (Section 3.2). The scrap price shown in Table 1 was taken from [39] ; the steel price and the exchange rate (yen/euro) from [40] and [41] , respectively. The Japanese steel production figures and the share of Japanese EAF steel production are drawn from [42] , the electricity price from [43] . Columns 3 to 5 list the prices of scrap, electricity, and steel, respectively, in constant 2005 Euros.
Before introducing the ARMAX model in Section 3.1, we first discuss some of the factors affecting the competitiveness of the Japanese steel production, some of which can be read directly from Table 1 . Table 1 . Parameters explaining the share of steel production using EAF in Japan, observed share (column 6) and its estimations (columns 7 and 8). During the first years included in Table 1 , the average cost of the scrap consumed by the Japanese industry accounted for around 25% of the price of the product, whereas during recent years this share was around 50%, reaching a maximum of 66% in 2011. Although minor, the historical ups and downs of the electricity price have also affected the competitiveness of the EAF technology in Japan, and although the electricity cost represented around 5% of the final price in 2011, in 2000 this percentage was up to 25%. Moya et al. [44] shows that the current lack of competitiveness of the Japanese EAF production, the worst performer among the countries analysed in that reference, is mainly due to the higher contribution to the steel production cost from the scrap in Japan than in the rest of countries.
Column
From 1998 to 2008, production using the traditional route in Japan increased from 63.7 Mt to 89.3 Mt at the expense of production from the innovative EAF which stagnated at around 29 Mt Additionally, to put the analysis in the right context, we have to add that, historically, around one third of Japan's steel production is exported and provide some notes about the different steel products and their different added value.
According to its final shape and use, steel can be classified into two big groups: flat and long products. The flat products, produced mainly by the integrated route, provide the highest added value to the steel, whereas the long products, produced mainly in the recycling route, are in the lower range of added value. In any case, the historically-clear difference between the production route and long or flat products is waning out, improving the competitiveness of the EAF technology. Nowadays 100% of long products and 70-80% of flat products can be made with scrap [45] .
The recent growth of the Chinese steel production capacity in later years (doubled from 2005-2011 in which the production rose from 355 Mt to 701 Mt), combined with their overcapacity (200 Mt in 2013) and lower production costs for the long products coming from the recycling route, is a real threat to Japanese EAF producers not specialised in the highest added value products. For these last products the analysis in [44] shows that the Japanese steel industry is still able to compete in production costs with its Chinese counterpart.
The trend of the penetration of EAF in Japan cannot be globally generalized. In fact, in the steel industry of the EU, the production share of the recycling route (EAF) has increased from 20% in the 1970s to around 40% today. In some countries this share is currently about 60% (United States, Turkey, Spain, Italy, and Mexico), and in other countries (Portugal, Malaysia and Luxembourg), the EAF technology has completely replaced the incumbent technology.
Adjustment of the Diffusion of EAF in Japan with an ARMAX Model
In this section, we first check whether the EAF production can be explained by an ARMAX model. The use of this kind of model (ARMAX) has not been widely investigated to forecast diffusion of technology innovations [46] . One of the reasons for this is that much of the data used describes consumption or production, rather than the percentage of installed capacity using the innovation [6] . We opt to follow this approach, on the assumption that the competitive production exploiting the innovative technology is what drives/justifies the increase of the capacity; otherwise, if production becomes uncompetitive with the incumbent technology, the main driver for the penetration ceases to operate. Indeed, after a period it becomes a strong driver to phase out the capacity already installed.
It is worth noting that the decrease in EAF production in Japan since the 1990s means that the fit of the data with an S-shape curve does not reflect that decline. In Japan, this fact cannot be explained by a decrease in overall steel production as the total steel production since the 1970s is relatively stable, varying around 104 Mt with a standard deviation of around 8 Mt.
The ARMAX model encompasses autoregressive (AR), moving-average (MA) and regression models (i) in any combination. In general terms, it can be expressed as: (5) where C armax is the constant coefficient, R i armax the autoregressive coefficients, M j armax the moving-average coefficients, and β armax k the regression coefficients. Each k of the X k (t) vectors denotes one of the explanatory time series.
In this particular case, the best adjustment uses three previous values of time for the autoregressive component (r = 3), ignores the moving average (m = 0) and uses two previous values (o = 2) of three (n = 3) explanatory variables (price of scrap, electricity, and steel).
The observed and estimated share of the EAF technology using the ARMAX model, columns 6 and 7 of Table 1 , are represented in Figure 1 . R 2 , measuring the fraction of the total variability explained by the model, is 0.90, and once adjusted to reflect the complexity of the model (12 parameters), the adjusted R 2 is 0.85. The mean absolute percentage error (MAPE) is 3.15%. Appendix 5 provides the 'R' script used to adjust Equation (5) . This adjustment shows that the evolution of the diffusion of the EAF can be explained using an ARMAX model with three explanatory variables. This model is able to reproduce the evolution of EAF production. The fact that the ARMAX model needs up to three and two previous values of the production and explanatory values, respectively, confirms the inertia of EAF production.
Adjustment of the Diffusion Equation to the Case of EAF in Japan
The analogy with the diffusion processes of natural phenomena can be used to construct an alternative model to the traditional diffusion model. For a function to be able to explain the number of cost-effective innovations (the main drivers of the diffusion process), we use a linear combination of the explanatory variables used in the ARMAX model:
The solution EAFestimated of the diffusion process (at x = L) is the result of the integral of convolution given in Equation (4) using, for f(t), Equation (6) . In principle, to estimate EAFestimated we have first to adjust six parameters, β0, β1, β2, β3, L, and K. However, since the solution is invariant for the same values of L 2 /K, we fix the value of L and vary K. Therefore, the model requires the adjustment of five parameters that can be found by minimising the sum of squared error between the model EAFestimated and the values observed EAFobserved; in other words, finding the minimum of:
The values of EAFobserved and EAFestimated, represented in Figure 1 , are shown in the sixth and eighth columns of Table 1 . Although this adjustment is slightly poorer than the ARMAX model (now the adjusted R 2 = 0.76 and MAPE = 6.41%), it incorporates the average effect of the barriers and main drivers of production (Equation (6)) to explain the penetration of the energy efficient technology (EAF). It manages to do so with only five parameters, instead of the 12 used by the ARMAX model. Appendix A includes all the code used to solve the minimisation problem (Equation (7)) and produce the results provided in column eight of Table 1 . This adjustment shows that the evolution of the diffusion of the EAF can be explained using an ARMAX model with three explanatory variables. This model is able to reproduce the evolution of EAF production. The fact that the ARMAX model needs up to three and two previous values of the production and explanatory values, respectively, confirms the inertia of EAF production.
The solution EAF estimated of the diffusion process (at x = L) is the result of the integral of convolution given in Equation (4) using, for f (t), Equation (6) . In principle, to estimate EAF estimated we have first to adjust six parameters, β 0 , β 1 , β 2 , β 3 , L, and K. However, since the solution is invariant for the same values of L 2 /K, we fix the value of L and vary K. Therefore, the model requires the adjustment of five parameters that can be found by minimising the sum of squared error between the model EAF estimated and the values observed EAF observed ; in other words, finding the minimum of: 
The values of EAF observed and EAF estimated , represented in Figure 1 , are shown in the sixth and eighth columns of Table 1 . Although this adjustment is slightly poorer than the ARMAX model (now the adjusted R 2 = 0.76 and MAPE = 6.41%), it incorporates the average effect of the barriers and main drivers of production (Equation (6)) to explain the penetration of the energy efficient technology (EAF). It manages to do so with only five parameters, instead of the 12 used by the ARMAX model. Appendix 5 includes all the code used to solve the minimisation problem (Equation (7)) and produce the results provided in column eight of Table 1 .
Discussion
Although the ARMAX model presented in Section 3.1 describes the EAF production well, it does not include any term to describe how the impetus for new investments in EAF can be tempered. In Japan's industrial landscape this can be due to many different factors (that effect is not described by the variables that explain the motivation for adopting EAF production; the prices of steel, scrap, and electricity). It is the function response, and in particular, the term (L 2 /K), that describes how the barriers present in the social medium temper the impetus for new investments. As this analysis is limited to the steel production of just one country we cannot draw any further conclusions about the relationship of conductivity to innovations and the traits of the country. In any case, as the term L is related to the size of the medium in which the diffusion takes place, its square power in the term L 2 /K means that policy measures designed to decrease its value can prove more beneficial than those designed to increase the conductivity of the media to innovation. However, as this last term K is inversely proportional to barriers, a sensitivity analysis of its variation among countries can shed light on measures to increase its value (and, therefore, decrease the effect of barriers).
When solving the diffusion equation, we can deal with the invariability of the solutions to the same values of L 2 /K keeping either K or L constant and estimating the value of the other term that makes the solution of the equation similar to the observed data. Keeping the K constant is similar to the reasoning in [47] to roughly explain historical diffusion of technologies worldwide. This thesis can be summarised by saying that the creativity, or susceptibility to innovations, of different human groups are quite similar, and that the reason why some societies were still in the Stone Age during part of the last century was due to the dimensions of the geographical context/size of their medium.
The gap between current technologies and cost-effective innovations that could be implemented but are not, is widely known as the 'energy-efficiency gap' [48, 49] . To close that gap is one of the concerns of policy makers. The diffusion of technologies that are cost-effective should be a private-sector endeavour [50] ; however, there is a clear need for the public sector to mitigate possible barriers that prevent the full deployment of these technologies.
The technology-push measures adopted by some public authorities (through policies that stimulate research and development) may decrease the investment costs of new technologies. Following the model proposed in this paper, the effect would be to increase the main driver h of technology diffusion; where h is the function that defines the push or main driver to the innovation process. Many of the demand-pull instruments that make innovations more attractive, such as emission taxes, adoption subsidies, or direct public-sector investments, can increase the incentives for using new cleaner technologies and lower the costs, thanks to a learning-by-doing effect. Again, the effect of these measures may take the form of an increase in h. Public intervention can also support the alleviation of some of the barriers, for example by means of demonstration projects that can create the research environment and networking that ease the diffusion of innovations. This kind of public intervention can be incorporated in the modelling of the diffusion process by means of the conductivity of the medium (inverse of the resistance of the medium to innovation).
The approach proposed in this paper describes the way in which the diffusion of technology is spread over society. This model explicitly incorporates a conductivity of the medium inversely proportional to the effect of barriers that define the resistance to innovation. Hitherto, state-of-the-art, bottom-up models studying energy efficiency in industry have described the current technological stock and the technology options in detail, though describing the adoption of innovations by the use of an adjusted discount rate that makes the model resemble the rate of historical diffusion [49, 51] . There are some other models that use an exogenous technology diffusion rate that summarises the overall effect of the drivers and barriers. This paper shows that not only the effect of barriers but also the dimension of the medium in which the diffusion takes place can be incorporated into energy-system models, provided that the main drivers of dissemination of that technology are known.
Conclusions
This paper presents the modelling of the technology diffusion process using an analogy to the diffusion of natural processes. The mathematical resolution of the diffusion equation incorporates some properties that average the ease (or its inverse, the resistance) that the medium offers to the diffusion process. This is achieved at the expense of the conceptual abstraction needed to replace the medium in which the diffusion of natural processes takes place by a social medium. The approach has been applied to the currently ongoing process of the diffusion of electric arc furnaces in Japan. Despite the abstraction necessary to define the medium in which the diffusion occurs, the mathematical formulation is conceptually straightforward. However, its resolution can be cumbersome. Both factors, the abstraction needed and the cumbersome resolution of the equations, may explain why this approach has not been previously proposed. Moreover, it offers many new paths to understanding the role of the conductivity (or its inverse, the resistance) of the medium to the diffusion of innovations. The research needed to understand the term (L 2 /K) for different technologies and contexts (social media) can lead to an improvement in how the effect of barriers and support measures are incorporated in energy-systems models, and support, as the overall objective, the understanding of more effective ways in which policy-makers can support and encourage the innovation process.
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Appendix A
This appendix contains the Mathematica code programed to solve the minimization (7). The code contains comments that allows the reader to identify the Expressions (4), (6) , and (7).
The file 'JAPAN_Mathematica_data.txt' is an ascii file with five columns (without header) and 38 rows. To prepare that file the reader has to copy and paste the numerical content of columns 3, 4, 5, and 6 of Table 1 to an ascii file called 'JAPAN_Mathemaica_data.txt'. As additional step, when running the Mathematica code, the reader has to make accessible this file (see the first line of the code).
To run the following Mathematica code the reader has to incorporate the following code to a mathematica file '*.nb' and run it. # and 4 columns: # column 1 has the EAF production (Mt) (is the product of column 2 and 6 of Table 1 ) # columns 2, 3 and 4 of the file correspond with columns 3, 4 and 5 of Table 1 ) datos<-read.csv("EAF_japan.csv",header=T, sep = ";", dec=".",as.is=TRUE) # create a time series taking differences # for the explanatory variables we take differences of their log tsdatos<-TSdata(input=apply(log(datos[,2:4]),2,diff),output=diff(datos[,1])) # name the explanatory variables and the output seriesNamesInput(tsdatos)<-c("scrap_price","elec_price","steel_price") seriesNamesOutput(tsdatos)<-"EAF_production"
# estimate the ARMAX model with three lags model1<-estVARXls(tsdatos,max.lag=3) # coeficients of the ARMAX model model1
